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A B S T R A C T   
Canopy wetness is a common condition that influences photosynthesis, the leaching or uptake of solutes, the 
water status and energy balance of canopies, and the interpretation of eddy covariance and remote sensing data. 
While often treated as a binary variable, ‘wet’ or ‘dry’, forest canopies are often partially wet, requiring the use of 
a continuous description of wetness. Minor precipitation events such as dew, that wet a fraction of the canopy, 
have been found to contribute to dry season foliar water uptake in the Eastern Amazon, and are fundamentally 
important to the canopy energy balance. However, few studies have reported the spatial and temporal distri-
bution of canopy wetness, or the relative contribution of dew to leaf wetness, for forest ecosystems. 
In this study, we use two canopy profiles of leaf wetness sensors, coupled with meteorological data, to address 
fundamental questions about spatial and temporal variation of leaf wetness in an Eastern Amazonian rainforest. 
We also investigate how well meteorological tower data can predict canopy wetness using two models, one 
empirical and one that is physically-based. 
The results show that the canopy is 100% dry only for 34% of the time, otherwise being between 5% and 100% 
wet. Dew accounts for 20% or 43% of total annual leaf wetness, and 36% or 50% of canopy wetness in dry 
season, excluding or including dew events that co-occur with rain, respectively. Wetness duration was higher at 
the top than bottom of the canopy, mainly because of rain events, whilst dew formation was strongly dependent 
on the local canopy structure and varied horizontally through the canopy. The best empirical model accounted 
for 55% of the variance in canopy wetness, while the physical model accounted for 48% of the variance. We 
discuss future modelling improvements of the physical model to increase its predictive capacity.   
1. Introduction 
Leaf wetness is of interest due to its impact on photosynthesis, epi-
phyll growth on leaf surfaces, disease propagation, the leaching or up-
take of solutes, and the water status and energy balance of canopies 
(Dawson and Goldsmith, 2018). Recently, interest in the occurrence of 
leaf wetness in natural systems has increased due to the recognition that 
foliar water uptake is a widespread phenomenon that may contribute 
significantly to the water budget of plants and communities (Berry et al., 
2019; Binks et al., 2019; Steppe et al., 2018). 
Leaf wetness is often described in terms of duration, which ranges 
from < 2 hrs day− 1 in arid climates to > 14 hrs day− 1 in wet regions 
(Alvares et al., 2015; Kim et al., 2010) making it a common condition for 
leaves (Dawson and Goldsmith, 2018). In addition to climate, the sur-
face properties of leaves also influence wetness (Holder, 2013; Kla-
merus-Iwan and Błońska, 2018; Rosado and Holder, 2013), with some 
evidence suggesting that leaf water repellence can be higher in dry en-
vironments (Brewer and Nunez, 2007; Holder, 2007). While there is a 
general tendency for canopy wetness to suppress transpiration due to 
saturation of the water vapour boundary layer (Alvarado-Barrientos 
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et al., 2014; Aparecido et al., 2016; Reinhardt and Smith, 2008), other 
effects vary widely across species. Photosynthesis, for example, is 
commonly affected negatively by leaf wetness (Hanba et al., 2004; 
Ishibashi and Terashima, 1995), but reports of leaf-level ‘wet photo-
synthesis’ range from -48% (Aparecido et al., 2017) to +34% (Smith and 
McClean, 1989) relative to ‘dry photosynthesis’. Leaf wetness can 
therefore have a substantial impact on the productivity and energy 
balance of vegetation (Magarey et al., 2006). 
Much research has been invested in detecting and modelling leaf 
wetness because of its potential impact on pathogen susceptibility and 
primary productivity, but this has been principally directed towards 
agricultural systems (Kim et al., 2010). Existing models for predicting 
leaf wetness, both empirical and physical, typically treat plant canopies 
as a two dimensional surface, or a single point, that is either wet or dry 
(Alvares et al., 2015; Sentelhas et al., 2008; Sentelhas et al., 2006; 
Wichink Kruit et al., 2008). Forests, however, have tall structurally 
complex canopies that can store relatively large quantities of intercepted 
water (De Ridder, 2001; Teklehaimanot and Jarvis, 1991) that experi-
ence diverse micrometeorological conditions (Kruijt et al., 2000; Shaw 
et al., 1988), and therefore may not be described adequately as simply 
wet or dry. This distinction, between a binary or fractional state of 
canopy wetness, has substantial implications for the way in which 
canopy wetness is understood and modelled (Aparecido et al., 2016). 
Few studies have recorded profiles of leaf wetness in forests (Apar-
ecido et al., 2016) resulting in a lack of information about leaf wetness in 
complex/tall canopies. Existing models for predicting leaf wetness of 
crops may represent the top-most leaves of a canopy but are unlikely to 
represent wetness conditions throughout a forest height profile accu-
rately, especially where leaf area index is large. While heavy rain events 
rapidly saturate a canopy (De Ridder, 2001), drying occurs differentially 
throughout the forest profile (Aparecido et al., 2016; Harman and Fin-
nigan, 2008), potentially resulting in large differences in wetness 
duration throughout the canopy. Additionally, small precipitation 
events, including dew, may wet only a proportion of the canopy and are 
consequently also likely to result in a canopy state between wet and dry. 
Such minor precipitation events are known to contribute to foliar water 
uptake (Berry et al., 2014; Boucher et al., 1995; Burgess and Dawson, 
2004; Eller et al., 2013), and thus may result in non-trivial contributions 
to growth and carbon acquisition (Binks et al., 2020; Steppe et al., 
2018). Therefore, the capacity to model ecosystem functioning may be 
strongly reliant on an understanding of the spatial and temporal varia-
tion in leaf wetness. 
While there is much uncertainty around the prediction of future 
precipitation regimes in the tropics (Feng et al., 2013; Joetzjer et al., 
2013; Li et al., 2006), the increase in tropical temperatures is expected to 
outpace the global average (IPCC, 2013). The Amazon is known to 
experience frequent cycles of morning fog (Anber et al., 2015), and fog 
and dew formation are both highly sensitive to temperature and specific 
humidity (Monteith, 1957), the latter of which is predicted to decrease 
over continental landmasses (Byrne and O’Gorman, 2018). Moreover, 
recent evidence suggests that dew may make a significant contribution 
to dry season water uptake in Amazonian rainforest (Binks et al., 2020). 
Therefore, dew, while seldom included in hydrological water balance 
studies or models (Anber et al., 2015), is a potentially important source 
of water and powerful contributor to the canopy energy budget (Mag-
arey et al., 2006), but little baseline information exists on dew frequency 
and duration or what proportion of the canopy is commonly wetted by 
dew. Without such information, the responses of tropical forests to 
climate change may be challenging to explain mechanistically. 
In this study, we make use of two canopy profiles of leaf wetness 
coupled with meteorological measurements to inform our understand-
ing of spatial and temporal variation of leaf wetness in an Eastern 
Amazonian rainforest. Specifically, we ask how leaf wetness varies 
throughout the canopy profile, diurnally and seasonally, and to what 
extent dew contributes to leaf wetness. Using a plant area-weighted 
output of leaf wetness sensors we derive the proportion of wet canopy 
area (Pw), and use an empirically derived model to test how well 
meteorological variables, measured from the top of a canopy tower, can 
estimate the proportion of canopy wetness. Finally, we use a physical 
model, based on the Penman-Monteith equation and coupled with 
rainfall data, to estimate canopy water storage as a proportion of the 
maximum value, and to test how well this compares to Pw. 
2. Material and Methods 
2.1. Study Site 
The study was undertaken in the Caxiuanã National Forest Reserve in 
the eastern Amazon (1o43’S, 51o27’W). The site is in lowland terra firme 
rainforest 15-25 m above river level. The site has a mean temperature of 
ca. 25 ◦C, receives 2000 – 2500 mm of rainfall annually and has a dry 
season in which rainfall is <100 mm per month between June and 
November. 
2.2. Data 
Meteorological data, including temperature and humidity (CS215, 
Campbell Scientific, Utah, USA), rainfall (tipping bucket rainfall gauge; 
Campbell Scientific), wind speed (Windsonic, Campbell Scientific) and 
net radiation NR-Lite (Campbell Scientific), were logged at 30 minute 
intervals using a CR1000 data logger (Campbell Scientific) from the top 
of the tower at a height of 42 m. Temperature and humidity were also 
recorded at 2, 16, and 28 m height, through the canopy profile. 
Leaf wetness sensors (LWS, Decagon, Pullman, USA) were used to 
measure two full vertical profiles of canopy/leaf wetness at heights of 
36, 34, 32, 30, 28, 24, 19, 14 and 4 m from the ground, at 15 minute 
intervals from November 2016 to November 2018. The wetness sensors, 
orientated horizontally, were connected to ropes attached to opposite 
sides of a 40 m tall canopy tower and were hanging through the canopy 
at a distance of 1.5 m from the tower. Thus, each height was represented 
by a pair of sensors. The data were collected on a CR1000 Campbell 
Scientific data logger. For detailed instructions on the construction of 
the leaf wetness sensor rigs and analysis of the data, see the methods 
article Binks et al. (2020 MethodsX). The leaf wetness data set is avail-
able at Mendeley Data (https://doi.org/10.17632/sbrbbn7skn.1). 
The forest surrounding the tower is highly heterogeneous in both 
height and horizontal structure. The height of the topmost leaves of the 
upper canopy ranges from approximately 25 to 35 m, with an emergent 
tree, 20 m away from the tower, at around 50 m in height. We chose to 
place the uppermost sensors above the point at which the canopy is 
closed in order to capture the transition through the upper canopy where 
the leaf area is densest (Meir et al., 2000). It is worth noting, however, 
that even the sensors at 40 m will be affected by the canopy under some 
conditions due to the turbulent boundary layer (Monteith and Uns-
worth, 2008). For this reason, we have included the data from all of the 
leaf wetness sensors in the following analyses. Moreover, we measured 
two canopy profiles in an attempt to represent horizontal heterogeneity. 
One of the profiles was in an area of lower leaf area density than the 
other due to canopy heterogeneity. 
2.3. Identifying rain and dew events in the leaf wetness sensor data 
The leaf wetness sensors give a continuous millivoltage output pro-
portional to surface wetness. Any value above a threshold value in-
dicates that the sensor is wet, thus the effective output is binary, wet or 
dry. Although the magnitude of the output is not a reliable indicator of 
how much water is present, dew events have a distinct signal recog-
nisable by a gradual increase in wetness, typically at night, and then a 
rapid return to the baseline value within an hour or two of sunrise 
(Fig. 1). In contrast, rain events result in a sudden spike in wetness from 
the baseline to a maximum value within the space of a single mea-
surement interval, 15 minutes, and return slowly and unpredictably to 
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the baseline. Dew events were thus identified from sensor outputs rising 
continuously for 75 minutes. The advantage of using the gradient to 
identify a wetting event over using a threshold value is that the baseline 
value for each sensor is slightly different, and that the baseline value 
varies over time due to the gradual deposition of detritus on the surface 
of the sensors. This method was also used to detect the start of rain 
events (Fig. 1). The sensor value in the time step preceding the start of a 
precipitation event was taken as a floating threshold, and the end of an 
event was taken to be the point at which the sensor value fell below the 
floating threshold. Here we define an ‘event’ as being the time between 
the moment at which rain or dew have been detected, to the point at 
which the sensor is again dry or converts to a different designation (rain 
or dew). The efficacy of the detection script was assessed by cross- 
checking the output with a manual inspection of the data in which 
every time point for each of the sensors was designated either ‘rain’, 
‘dew’ or ‘dry’ from five randomly chosen periods of five days. The script 
used for identifying wetness events is included as SI with the methods 
article Binks et al. 2020, MethodsX (SI 1 Wetness detection script), and 
the raw leaf wetness data is in Mendeley Data (https://doi.org/10 
.17632/sbrbbn7skn.1). 
Dew occurs both as isolated events, and interspersed with rain. This 
is relevant when considering the proportion of total wetness time that is 
allocated to rain versus dew. For example, a sensor may already be wet 
from rain when dew starts to form and, therefore, dew acts to perpetuate 
wetness initially caused by rain. Because of this, a decision must be 
taken in the analysis on whether to include dew events that co-occur 
with rain events (hereafter referred to as ‘co-occurring dew events’). 
As both including and excluding co-occurring dew events provide 
interesting and relevant information, we did both analyses, Analysis A 
includes co-occurring dew events, while Analysis B excludes them. 
2.4. Plant area index 
A vertical profile of plant area per volume density was obtained from 
terrestrial laser scanning (TLS) data, in a field campaign that started on 
7th October 2018. TLS data were acquired using a RIEGL VZ-400 in-
strument (RIEGL, Austria) using an angular sampling resolution of 0.04 
degrees and scans were levelled using the on-board inclination sensors. 
These vertical plant profiles were calculated through estimates of the 
vertically resolved gap probability in the zenith range 5-70 degrees 
using 5 degree zenith rings, following the method outlined in Calders 
et al. (2015) implemented through the python package pylidar (http 
://www.pylidar.org/). TLS data were collected using 36 scan locations 
in a 20 m x 20 m regular grid in the same plot as the leaf wetness sensors, 
and the plot-average vertical plant profile was calculated by averaging 
the vertically resolved gap fraction of each individual scan location 
(Cuni-Sanchez et al., 2016). 
2.5. Analysing the wetness data 
The output of each sensor pair represented the total plant area per 
volume (m2 m− 3) between the midpoints of the sensors above and below 
the pair (Fig. 2), e.g. the sensors at height 32 m represented the pro-
portion of canopy between 31 and 33 m because the adjacent sensors 
were located at 30 and 34 m. The uppermost sensor represented all plant 
area above 35 m, and the lowest, the plant area below 9 m. The sensors 
were distributed more closely together at the top of the profile to 
represent the transition into the densest part of the canopy, and conse-
quently not all sensor pairs represented an equal proportion of plant area 
index. Each of the nine canopy positions were represented by the 
average of two sensors. If a sensor pair represented 0.04 of the total plant 
area index, the possible sensor outputs (as interpreted by the criteria 
described above) would be (0,0 – both sensors dry), (0,1 – one sensor 
wet), or (1,1 – both sensors wet) resulting in a wetness of 0.00, 0.02, or 
Fig. 1. Example of leaf wetness sensor output (black line), and the wetness detection code indicating dew events in green, and rain events in blue, as per the labels on 
the top panel. The wetness events were identified as per ‘Analysis A’ in which dew events co-occurring with rain events were included as dew events. The top panel 
shows wet season and the bottom panel dry season. The line represents a mean of all 18 sensors. 
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0.04, respectively: hereafter referred to as Sx where x is the sensor po-
sition, from 1 to 9, representing a segment of the canopy. Periodic sensor 
failure was common due to animals interfering with the wiring and 
sensors, in which case the output of a single sensor (rather than the 
average of two) represented the canopy position e.g. (NA,1) = wet, 
(NA,0) = dry. When both sensors at a canopy position failed, the canopy 
segment would be divided into two, and allocated to the functional 
sensors above and below the malfunctioning sensor pair, thereby rep-
resenting the entire canopy with the remaining functional sensors. Time 
periods in which less than 50 % of the canopy was represented by 
functional sensors were removed from the analysis. 
There are two informative ways to view the wetness data. The pro-
portion of canopy that is wet at a given moment, Pw = Σ{S1(t)+S2(t) … +
S9(t)} (where S1(t) is the value of sensor pair ‘1’ of 9 at time t), was used to 
compare the data with the physical and empirical models of canopy 
wetness, thus the proportional wetness of the entire canopy is repre-
sented at each time point. The other way is the proportion of time that a 
given segment (x, from 1 to 9) of the canopy is wet from a specified time 
period, Pt_x = Σ{Sx(t)+ Sx(t+1) … + Sx(t+n)} / n (where n is the number of 
time periods), which was used to determine the relationship between 
canopy height and mean wetness duration. Over a given time period, the 
mean Pt of all sensor heights equals the mean Pw from all time steps, 
Pt(1:9) = Pw(t:t+n), and represents the mean canopy wetness over the 
period in question. This was used to determine the annual, seasonal and 
daily means for canopy wetness. 
2.6. Empirical model 
The meteorological variables used in the empirical model were wind 
speed (u), net radiation (Rn), temperature (T), relative humidity (RH), 
and precipitation (PP), Table 1. All variables were tested for normality 
using the Shapiro-Wilk test. The variables showing a distribution sub-
stantially different from normal (RH, u and Rn) were then transformed 
using a Box-Cox power transformation in the R (R Development Core 
Team, 2016) package MASS (version 7.3-50). Precipitation was con-
verted into a two-state factor where the states were PP > 0 = “rain”, and 
PP = 0 = “no rain”. This was considered preferable to treating rainfall as 
a continuous variable, because values > 0 clearly resulted in canopy 
wetting, but values of 0 did not represent any particular state of drying. 
Because the empirical model uses continuous variables to predict a 
proportion (Pw), we used a beta regression model (Cribari-Neto and 
Zeileis, 2010). Beta distributions are a diverse family of continuous 
probability distributions that have an output between (but not 
including) 0 and 1. The canopy wetness data contain many zeros and 
ones, and we therefore initially applied zero- and one-inflated beta 
regression models (Rigby and Stasinopoulos, 2005). However, these 
models were substantially more complex, essentially combing three 
sub-models, and did not perform better than the standard beta regres-
sion using a transformed response variable. Thus, following Douma and 
Weedon (2019) we transformed the response variable, y = Pw, such that 
zeros and ones were fractionally increased and decreased, respectively: 
ytransformed = (y(n-1)+0.5)/n. The initial form of the model contained all 
variables and interactions and was progressively simplified. In beta re-
gressions the explained variance is represented by the pseudo-r2, which 
is the squared correlation of the linear predictor and the 
link-transformed response (Cribari-Neto and Zeileis, 2010). The per-
formance of each subsequent model was compared with the initial 
model using the pseudo-r2 in the model output and their AIC values. 
Because the initial model had the highest pseudo-r2 and lowest AIC 
value of all models, we chose to only present three empirical models: i) 
all variables and interactions using transformed data, ii) all variables 
and interactions using untransformed data, and iii) using only T, RH and 
PP (transformed) as these are most commonly measured meteorological 
variables. The models will be subsequently referred to as ‘transformed’, 
‘untransformed’, and ‘reduced’. All variable transformations and full 
model output tables are included in SI. 
2.7. Physical model 
Canopy water storage, Sc, is the amount of water retained in the 
canopy following a precipitation event. When precipitation starts the 
canopy moves from a dry state to a saturated state, and progresses back 
to a dry state through evaporation of the surface water on the leaves, 
stems and branches. The Penman-Monteith model (described below) 
was used together with precipitation data, to estimate Sc as a proportion 
of the saturated state, Ps = Sc / Sc_max (Sc_max = 0.2 kgwater m− 2ground area 
(De Ridder, 2001)); whereby rain or dew fills up Sc to the saturated state 
(Ps = 1), that is, the cumulative quantity of precipitation equals or ex-
ceeds Sc_max, and evaporation depletes Sc until the canopy is dry (Ps = 0) 
(Teklehaimanot and Jarvis, 1991). 
The Penman-Monteith model, or ‘combination equation’, uses an 
energy balance approach to estimate sensible and latent heat fluxes from 
the canopy (Monteith and Unsworth, 2008). The latent heat flux (LE, W 
m− 2), where L (J kg− 1) is the latent heat of vaporisation of water and E 
(kg s− 1 m− 2) is the rate of evaporation or condensation is given by, 
LE =
s(Rn − G) + ρcp(es(T) − ea)
/
rA
s + γ(1 + rC/rA)
(1)  
where s is the slope of the saturation vapour pressure curve, Rn is net 
radiation, G is loss or gain of heat stored in the soil and canopy, ρ is the 
density of air, cp is the specific heat of air, at constant pressure and es and 
ea are saturated and actual vapour pressure (Pa) so that (es(T) − ea) is the 
Fig. 2. Vertical profile of plant area per volume derived from terrestrial laser 
scanning data (black line). The solid points indicate the vertical position of each 
pair of leaf wetness sensors. The alternate grey white shading, and the corre-
sponding numbers, represent the proportion of plant area, or canopy segment, 
represented by each sensor pair. 
Table 1 
Meteorological data used in both the physical and empirical models for pre-
dicting canopy wetness.  
Symbol Units Description 
u m s− 1 wind speed 
Rn W m− 2 net radiation 
RH % Relative humidity 
T oC Temperature 
PP mm Precipitation  
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saturation vapour pressure deficit at air temperature T. γ is the psy-
chrometric constant and rA and rC (s m− 1) are respectively, the aero-
dynamic and canopy resistances to vapour transfer from the leaves to the 
reference level at which the meteorological variables are measured. This 
reference level zref was at 42 m, which is above the closed part of the 
upper canopy (Fig. 2). All meteorological variables, constants and other 
model variables are described in Tables 1 and 2. 
G was not measured directly but since diurnal temperature variation 
was typically less than 10 ◦C and the exchange of stored heat in the 
environment was considered to be much smaller than Rn during day-
time, when most evaporation occurs. Hence, G was set to zero in the 
model. 
Equation (1) can be applied to a single leaf or to the entire canopy as 
in the present case, when it is usually referred to as a single layer or ‘big 
leaf’ model (Raupach and Finnigan, 1988). The single layer model treats 
the 3-D canopy as a 2-dimensional surface or big leaf, represented by 
single values of meteorological and physiological variables. The canopy 
resistance rC describes the resistance to transfer of water vapour from 
the leaf mesophyll through the stomata to the leaf surface. Since we are 
interested in evaporation from wet leaves or dew deposition onto the 
leaves, it is appropriate to set rC = 0. The aerodynamic resistance rA has 
two components: a turbulent resistance, rt, to transfer between the 
notional representative height of evaporation within the canopy ze and 
the reference level zref, (see Table 2 for derivation of ze) and a boundary 
layer resistance rb, to transfer from the wet leaf surfaces to ze so that rA =
rt + rb. The turbulent resistance was derived using Monin-Obukhov 


















Where d is the displacement height of the logarithmic wind profile 
above the canopy, z0m is the aerodynamic roughness length for mo-
mentum, z0H is the aerodynamic roughness length for heat, κ is von 
Karman’s constant (0.41) and u(zref) is the wind speed at the reference 
height zref (Table 2). MOST theory should be modified when applied 
close to the canopy within the so-called ‘roughness sub layer’ (Kaimal 
and Finnigan, 1995). However, since our field data were limited (e.g. we 
lacked wind speed data at multiple heights within the canopy) we were 
unable to apply the most appropriate theory, which describes conditions 
in the uppermost section of the canopy and the roughness sublayer 
above (Harman and Finnigan, 2007; Harman and Finnigan, 2008). 
However, equation (2) has been shown to provide a reasonable 
approximation to the turbulent resistance at multiple tropical forest field 
sites (Tan et al., 2019). 
Each leaf has a boundary layer resistance and these are assumed to 
act in parallel to control transfer to the inter-canopy airspace at ze, the 
representative evaporation height within the canopy. The maximum 
boundary layer resistance for a single representative leaf rbi max, was 









where v is the kinematic viscosity of air, k is the thermal diffusivity of 
air, D is the characteristic leaf dimension taken to be 0.065 m, and u(ze) 
is the wind speed at ze (Table 2). This representative individual leaf 
boundary layer resistance is then combined with all the other leaves in 
the canopy acting in parallel to give a total boundary layer resistance rb, 
which is inversely proportional to the evaporative surface area of all the 
leaves (Choudhury and Monteith, 1988; Lhomme, 1988). In our case this 
varied from 2PAI, (plant area index, Table 2), when the canopy was 
saturated (sc = sc_max), to 0 when the canopy was completely dry (sc = 0). 
Therefore, we calculate rb at time t as 
rb(t) = rb max
[




Finally we note that the relationship between the big leaf version of 
the Penman Monteith equation and multi-layer versions, which more 
accurately represent the variation of biophysical properties through the 
canopy, contains many subtleties which we have ignored here. Indeed, it 
has been the focus of much research over decades. See for example Thom 
Table 2 
Constants and variables used in the physical model for predicting canopy wetness. Superscript numbers in ‘Description’ column link to citations in table footnote.  
Symbol Value/equation Units Description 
a 0.14 m2 m− 3 Mean plant area per volume integrated over the profile height, derived from TLS data. 
cd 0.25 - Drag coefficient1. 
cp 1010 J kg− 1 K− 1 Specific heaty capacity of air. 
d zc - β2Lc = 26.1 m Displacement height2. 
D 0.065 m Effective/characteristic dimension of leaf. 
ea esRH/100  kPa Actual vapour pressure3. 
es 610.7 × 107.5T/237T  Pa Saturated vapour pressure3. 
G 0 W m− 2 Heat exchange by conduction to the trees and soil. 
k 2.141*10-5 m2 s− 1 Thermal diffusivity of air at 25 degrees. 
Lc (cda)− 1 = 35.7 m Momentum absorption length1. 
PAI 5.2 m2 m− 2 One-sided plant area index derived from terrestrial laser scanning data. 
Ps sc / sc_max - Output of physical model, representing the proportion of the maximum amount of surface water stored in the canopy. 
Pw - - Proportional canopy wetness as determined by the leaf wetness sensors. 
s 201.6 Pa K− 1 Slope of the saturated vapour pressure curve over the interquartile range of the temperature data3. 
sc_max 0.2 Kg m− 2 Maximum canopy water storage per ground area4. 
u(z) u(zc)⋅e(ze − zc)/2β
2Lc  m s− 1 Wind speed at height z5. 
u(zc) 0.7u(zref) m s− 1 Wind speed at top of canopy5. 
v 1.562*10-5 m2 s− 1 kinematic viscosity of air at 25 degrees. 
z0H 0.135z0m m Aerodynamic roughness length of heat transfer6. 
z0m zc / e3 m Aerodynamic roughness length of momentum6. 
zc 30 m Canopy height. 
ze d + z0m = 27.6 m Representative height of evaporation within the canopy 
zref 42 m Height of meteorological sensors3. 
β 0.33 - Non-dimensional parameter expressing atmospheric stability1. 
γ 640 Pa K− 1 Psychrometric constant: 0.64 both sides, 1.28 kPa K− 1 one side3. 
κ 0.41 - Von Karmen constant3. 
ρ 1.183 kg m− 3 Density of air. 
Source: 1. (Harman and Finnigan, 2007), 2. (Bonan et al., 2018), 3. (Monteith and Unsworth, 2008), 4. (De Ridder, 2001), 5. (Harman and Finnigan, 2008), 6. (Tan 
et al., 2019). 
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(1975) or Raupach and Finnigan (1988). 
2.8. Comparing model outputs with data 
The output of the physical model at time t was dependent on the 
value of t-1, and therefore the data had to be continuous for this analysis. 
Some sections of data were highly intermittent due to the frequent 
fauna-related interference to the sensors and power supply, and because 
we chose not to use data in which < 50% of the canopy area was rep-
resented. Consequently, we split the data into six continuous periods, 
based on data continuity, with an average duration of approximately 2 
months each, which represented nearly a full year (344 days) for the 
analysis and comparison of both the physical and empirical models. 
The output of the physical model is in the same form as the data (a 
range of 0 to 1), enabling a direct statistical comparison using a linear 
regression of the proportion of the canopy that is wet (Pw) versus the 
modelled proportion of the maximum amount of water stored in the 
canopy (Ps, the physical model output), as Pw ~ Ps, in which r2 repre-
sents the variance accounted for by the model. 
The pseudo-r2 was used to compare the different versions of the 
empirical models. However, in order to compare the outputs of each the 
physical and empirical models using the same statistic, data were 
generated using the coefficients of the beta regression models (Pmod_-
transformed, Pmod_untransformed. and Pmod_reduced). These were then compared 
directly to the measured data as Pw ~ Pmod. This allowed the direct 
comparison of the variance accounted for by the physical and empirical 
models. 
3. Results 
3.1. Total canopy wetness 
The wetness detection script had an accuracy of 90 % compared to 
values detected manually. The most common cause for misidentification 
appeared to be due to wrongly identifying the end-points of 
precipitation events e.g., the final event in the top panel and the second 
event in the bottom panel of Fig. 1. Analysis of the proportion of the 
canopy that is wet (Pw) versus the amount of time wet, revealed that the 
canopy is dry (< 5% of canopy wet) for 34.4 % of the time, and saturated 
(> 95% of sensors wet) for 15.2 % of the time (Fig. 3). The mean canopy 
wetness, Pw, averaged over all sensors and time-periods, is 38 %, and 
this ranges from 47 % in the wet season to 28 % in the dry season 
(Fig. 3). There is a significant positive relationship between canopy 
height and Pw of the form Pw = e (H-a) / b, where H is height and a (43.3) 
and b (22.1) are model coefficients (P = 0.006, and r2adj = 0.34, Fig. 4). 
3.2. Dew 
Two analyses were performed on the dew data: one, which included 
dew events that co-occurred with rain events (as per the labelled event 
in the top panel of Fig. 1), and another which did not include co- 
occurring dew events, referred to as Analysis A and Analysis B, respec-
tively. The results of Analysis B will be given in brackets after those of 
Analysis A. 
As a mean from two years of data, the total annual duration of dew 
events was 2072 hrs yr− 1 (1119), which was distributed across 179 
(138) dew events (Table 3). The duration of dew events was very vari-
able with a mean of 10.4 +/- 10.0 hrs (7.5 +/- 3.9 hrs) where error terms 
are standard deviation. Dew, as a proportion of the total duration of 
annual canopy wetness, was 0.43 (0.20), ranging from 0.40 (0.14) in the 
wet season to 0.50 (0.36) in the dry season, and 0.44 (0.19) during the 
day (between the hours of 06:00 and 18:00), and 0.42 (0.21) at night 
(Table 4). There was no significant relationship between the proportion 
of time the sensors recorded dew and the canopy height (Fig. 5, P = 0.71, 
r2 < 0.01, or for Analysis B: P = 0.53, r2 < 0.01), and nor was there a 
seasonal interaction between dew duration and canopy height. Dew 
events had significantly shorter duration (and variance in duration) over 
the dry season months from August to November (Fig. 6). 
Fig. 3. The proportion of the canopy profile that is wet (binned values from 
each time point) versus the proportion of time it is wet (the proportion of the 
total duration of the dataset that the canopy has each binned value), where y- 
axis data is binned in intervals of 0.05. Dashed lines indicate mean values of 
canopy wetness for the specified periods. 
Fig. 4. Relationship between height and wetness: y ~ log(x). P < 0.01, r2 =
0.34. The closed and open circles indicate sensors on different canopy profiles. 
Table 3 
Contribution of dew to leaf wetness from period spanning 8/11/2016 to 8/11/ 
2018. Analysis A includes dew that co-occurs with rain (see main text), and 
Analysis B excludes dew events that co-occur with rain.   
Analysis A Analysis B 
Total hours of dew (mean sensor value) 2072 hrs yr− 1 1119 hrs yr− 1 
Mean canopy wetness during dew event 0.63 0.55 
Number of dew events 179.0 yr− 1 137.5 yr− 1 
Average duration of dew event  
(median, mean +/- SD) 
8.0, 10.4 +/- 
10.0 hrs 
6.5, 7.5 +/- 3.9 
hrs 
Hours that 100 % of leaves are wet from dew 1211.0 hrs yr− 1 610.6 hrs yr− 1 
Effective mean length of dew event 7.6 hrs 4.4 hrs  
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3.3. Rain 
In Analysis A, which designates dew events co-occurring with rain 
events as separate events, there was no significant relationship between 
duration of wetness attributed to rain and canopy height (linear model, 
untransformed data, P = 0.13, r2adj = 0.08). However, there was a sig-
nificant relationship when co-occurring dew events were excluded 
where P = 0.02, r2 = 0.23, although excluding an outlier that generated 
substantial statistical leverage resulted in P < 0.01, r2 = 0.37 (Fig. 7). 
3.4. Empirical model 
The beta regressions were all highly significant at P << 0.001 (see 
Table 5 for model description and statistics, and SI ‘Empirical model 
output tables’ for all model coefficients). The pseudo-r2 and r2 indicated 
that the full model using transformed variables (r2 0.55, pseudo-r2 0.42, 
AIC -76310) explained a similar amount of the variance than the model 
using untransformed variables, but had a lower AIC (r2 0.55, pseudo-r2 
Table 4 
Proportional contribution of dew to total duration of wetness. Analysis A includes dew that co-occurs with rain, 
and Analysis B excludes dew events that co-occur with rain.   
Analysis A Analysis B 
Proportion of annual canopy wetness 0.43 0.20 
Proportion of dry season canopy wetness 0.50 0.36 
Proportion of wet season canopy wetness 0.40 0.14 
Proportion of day time wetness (between 06:00 and 18:00) 0.44 0.19 
Proportion of night time wetness (between 06:00 and 18:00) 0.42 0.21  
Fig. 5. Relationship between sensor height and dew formation including dew 
events co-occurring with rain. No significant relationship (P = 0.39, r2 = 0.05). 
The closed and open circles indicate sensors on different canopy profiles. 
Fig. 6. Duration of dew events per month taken from Analysis B (in which dew events that co-occur with rain are excluded). Grey area represents dry season. The 
notches in the sides of the boxes give an approximate 95 % confidence interval and, therefore, non-overlapping notches suggest a significant difference be-
tween boxes. 
Fig. 7. The proportion of time the sensors are wet from rain, using data from 
Analysis B in which dew events co-occurring with rain events were excluded. 
Analysis of the form y ~ log(x) was preformed excluding the outlier (grey 
closed circle), P < 0.01, r2adj = 0.37, and including the outlier, P = 0.03, r2adj =
0.22. The red line is fit of the model excluding the outlier. The closed and open 
circles indicate sensors on different canopy profiles. 
Table 5 
Empirical models (beta regressions), with, r2, pseudo-r2 and AIC values. The r2 
values describe the fit between the proportional canopy wetness (Pw) and the 
values generated from the coefficients of each of the models specified below. All 
models had P values << 0.001. Variables with subscript ’t’ are transformed: 
Temperature (T), relative humidity (RH), wind speed (u), net radiation (Rn), and 
precipitation (PPfactor) represented as a factor where PP > 0 = ‘rain’, and PP = 0 
= ‘no rain’.  
Name in text Model Variables r2 Pseudo-r2 AIC 
Transformed T, RHt, ut, Rn_t, PPfactor 0.55 0.42 -76310 
Untransformed T, RH, u, Rn, PPfactor 0.55 0.42 -76295 
Reduced T, RHt, PPfactor 0.47 0.37 -74837  
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0.42, AIC -76295). The AIC selection procedure indicated that none of 
the interactions or variables could be removed without significantly 
reducing the fit of the model. The reduced model, using only tempera-
ture, humidity and precipitation, explained the least variance and had 
the highest AIC value (r2 0.47, pseudo-r2 0.37, AIC -74837). To test the 
potential predictive capacity of the models, we calculated the percent-
age of modelled time points that were within 0.05 of Pw, where: trans-
formed = 11.2%, untransformed = 11.0%, and reduced = 10.2%. 
3.5. Physical model 
A linear model comparing Ps (the output of the physical model) with 
the proportion of canopy that was wet, Pw, yielded the following results: 
P << 0.001, r2 = 0.48, slope = 0.77, and the intercept = 0.08 (Fig. 8). 
38% of modelled time points were +/- 0.05 of Pw. 
A perfect fit would yield a slope and intercept of 1 and 0, respec-
tively. A slope < 1 indicates that the modelled Sc is not filling up as 
quickly as the leaf wetness sensors are saturating (Pw = 1) e.g. the dew 
events in Fig. 8, but an intercept > 0 suggests that the canopy storage is 
often > 0 when all of the sensors are dry. In other words, the sensor 
outputs appear to be more binary than the physical model estimates of 
Sc. 
4. Discussion 
4.1. Leaf wetness 
The results indicate that leaf wetness in a rainforest cannot be simply 
described in terms of a wetness duration, as 50.4 % of the time the 
canopy is between 5 and 95 % wet, and the canopy is only completely 
dry for 34 % of the time (Fig. 3). This has significant implications for 
interpreting eddy covariance fluxes (Hong et al., 2014; van Dijk et al., 
2015) and satellite-derived measurements of canopy moisture content 
(Konings et al., 2017; Ustin et al., 2012). In contrast to the results of 
Aparecido et al. (2016), the analysis suggested that leaves at the top of 
the canopy spend more time wet than those at the bottom (Fig. 4) 
although, perhaps counterintuitively, not because of dew-related 
wetness which was variable throughout the canopy profile (Fig. 5), 
but because of rain (Fig. 7). The two ‘rigs’ of sensors were installed 
either side of a tower: one of the rigs was in an area of relatively low 
canopy leaf area density, while the other was in an area of higher canopy 
density. All of the sensors that were wet from dew > 20 % of the time 
(Fig. 5) were on the low canopy density rig, revealing the impact of 
horizontal canopy structure on dew formation in the lower region of the 
forest profile. Thus, while our data show no statistical relationship of 
dew formation with height, we are unable to rule out that measuring 
more profiles of leaf wetness may reveal some such effect. Alternatively, 
it is possible that there is no height effect on dew formation as lower 
diurnal temperature variations at the bottom of the canopy (reducing 
the occurrence of dew formation) are countered by higher levels of 
humidity (increasing the occurrence of dew formation). The rain 
wetness data, on the other hand, shows a consistent height relationship 
for both rigs, and appears to show a sharp inflection point at around 25 
m, above which the proportional time wet increases substantially 
(Fig. 7). This suggests that the sensors at the top of the canopy are either 
getting wet more often from very small rain events, or that they are 
Fig. 8. A sample of data from wet season (upper panel) and dry season (lower panel) showing the fit between the measured proportion of canopy wetness (black 
line), and the outputs of the physical model (red line, r2 0.48) and the best empirical model (blue line, r2 0.55). Arrow ‘A’ show dew events, and ‘B’ shows rain events. 
Note that the sensors appear to saturate (i.e. become wet) simultaneously in the both the dew (A) and the rain (B) events; the former is not represented well by the 
physical model, but the latter is. The empirical model shows daily cycles of canopy wetness, but fails to represent the extreme values, completely dry or saturated. 
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taking longer to dry. The former appears more likely as evaporative 
demand is highest at the top of the canopy (Aparecido et al., 2016). We 
can infer that these rain events must be smaller than the canopy water 
storage capacity (0.2 mm) as the rain does not reach the lowest sensors. 
Unfortunately, 0.2 mm is the lower limit of detection for the rain gauge 
and, therefore, we cannot fully test this hypothesis. 
4.2. Models 
Both the physical and empirical models explained around 50% of the 
observed variation in the proportion of canopy wetness (empirical 
model r2 = 0.55, physical model r2 = 0.48; Table 5, Fig. 8). This is likely 
to be because of an incomplete representation of the meteorological 
conditions within the canopy, but also possibly because Pw, as deter-
mined by the leaf wetness sensors, might not represent the canopy water 
storage capacity effectively. 
The empirical model, using a beta regression, simply showed oscil-
lations of the probability of wetness in line with diurnal fluctuations of 
RH, temperature and Rn. It failed to predict absolute canopy wetness or 
dryness, but varied consistently between 0.2 and 0.8. Thus, despite 
having a higher r2 than the physical model, the best empirical model 
predicted only 11.2% of the time points correctly (+/- 0.05 of Pw) 
compared to 38.0% of the physical model. 
Because we did not have a profile of net radiation or wind speed, the 
canopy was represented with average values of meteorological data, 
thereby treating the forest as a single ‘big leaf’. The big leaf, or single 
layer, model is known to cause biases in the estimation of canopy fluxes 
due to the heterogeneity of the canopy structure (Luo et al., 2018), and 
non-linear profiles of meteorological variables (Bonan et al., 2018; 
Raupach and Finnigan, 1988). However, rain events appear to be quite 
well represented by the physical model with the drying times appearing 
to be consistent with that of the leaf wetness sensors (Fig 8, arrows 
labelled ‘B’). Rain events are also the dominant drivers of leaf wetness 
throughout the year (Table 4, Analysis B). 
We used the proportion of wet leaf wetness sensors (weighted by 
representative canopy area), Pw, to represent the proportion of canopy 
water storage Ps. While this may be an effective proxy, these are 
different concepts potentially confounded by the spatial distribution of 
water throughout the canopy. The leaf wetness sensors are highly sen-
sitive to the presence of water, thus a minute amount of, e.g. dew, on 
every sensor would result in Pw = 1 whereas the actual canopy water 
storage, Ps, would be minimal. This is what can be seen in the dew events 
on 19th – 21st April in Fig. 8 where the sensors saturate quickly, but the 
modelled flux increases gradually. While this manifests as a limitation to 
the model as we have presented it, in fact the model output is more likely 
to be quantitatively accurate, because dew accumulates gradually and 
not suddenly. This leads to the question of what the functional difference 
is between the quantity of water stored in the canopy, the leaf area 
covered by water, and the duration of leaf wetness. 
4.3. Wetness duration, area of leaf wetness, and canopy water storage 
The effects of leaf wetness are very much dependent on duration and 
specific timing. Our data show that a mean proportion of 0.51 of the 
canopy is wet at night compared to only 0.26 of the canopy during the 
day (Fig. 3), resulting in a lower possible impact of leaf wetness on 
photosynthesis than if wetness was distributed equally over day and 
night (Berry and Goldsmith, 2020; Reinhardt and Smith, 2008). On the 
other hand, position is also important here as leaves at the top of the 
canopy are more photosynthetically active than those at the bottom 
(Meir et al., 2002), but are also wet for longer periods (Fig. 4). The 
canopy also appears to dry completely at regular daily intervals, even in 
the wet season (top panel in Fig. 8), potentially reducing the ris-
k/occurrence of fungal infection (Huber and Gillespie, 2003). 
Foliar water uptake (FU) can improve plant water status and, 
consequently, potentially result in increased stomatal conductance and 
rates of photosynthesis (Berry et al., 2014). Assuming that the rate of FU 
is not limited by the amount, or rate of formation, of water on the leaf 
surface, the duration and proportions of leaf area covered are more 
relevant to calculating canopy-scale FU than the total amount of canopy 
water storage. However, the rate of uptake, irrespective of the mecha-
nism or pathway, is proportional to the water potential gradient, 
meaning that one might reasonably expect FU to occur more rapidly 
under periods of water stress (Guzmán-Delgado et al., 2018), such as in 
dry season (Bittencourt et al., 2020). Our results show that the average 
canopy wetness through the dry season is 28 % (Fig. 3), of which 50 % is 
accounted for by dew (Table 4, Analysis A), suggesting that a change in 
the frequency or duration of dew events may have a significant impact 
on dry season FU. 
The total amount of water in the canopy, Sc, on the other hand, be-
comes more important when considering the forest energy budget, but 
remains relevant for photosynthesis in terms of the impact it has on 
canopy temperatures (Katul et al., 2012) and water use efficiency 
(Knauer et al., 2018; Reinhardt and Smith, 2008) during the evaporation 
of surface water. Day time air temperatures of tropical forest canopies 
can often exceed the optimal value for canopy photosynthesis (Doughty 
and Goulden, 2008; Tan et al., 2017) thus, by lowering the canopy and 
canopy air temperature, the increased evapotranspiration from a 
partially wet canopy may actually have a positive effect on photosyn-
thesis for a proportion of the leaf area. 
4.4. Dew 
Our data show that dew accounts for a substantial proportion of leaf 
wetness duration. Dew events that occur independently from rain ac-
count for 36 % of the total wetness occurring during dry season (Analysis 
B, Tables 3 and 4). Dew events occur almost every night when it does not 
rain (Fig. 1), but become smaller in magnitude and duration as the dry 
season progresses (Fig. 5). Typically dew dries out by around 08:00 – 
08:30 in wet season (sunrise 06:23) and an hour earlier in dry season 
(sunrise 05:52), thus the canopy is commonly drying for the first 1 – 1.5 
hours every morning. Such a regular cycle of wetness is likely to impact 
productivity by influencing canopy temperatures (Katul et al., 2012), 
water use efficiency (Knauer et al., 2018), photosynthesis (Reinhardt 
and Smith, 2008) and foliar uptake (Binks et al., 2020). Some studies 
suggests that vapour pressure deficit will increase in response to 
elevated global temperatures (Scheff and Frierson, 2014; Sherwood and 
Fu, 2014), likely resulting in reduced frequency and duration of dew 
events, which, given the contribution of dew to canopy wetness, may 
significantly influence canopy function. 
Isolated dew events are easy to detect in the leaf wetness sensor data, 
but commonly periods of rain are interspersed with dew events, and dew 
events can be punctuated by rain and drips from higher parts of the 
canopy. This can make accurate allocation of wetness to either dew or 
rain challenging over prolonged wetting events. Moreover, because of 
the definition of an ‘event’ (the time between rain or dew starting and 
the point at which the sensor becomes drier than it was at the start of the 
event), the duration of an event is strongly determined by evaporative 
demand. This accounts for the large mean and median values for dew 
event duration (Table 3, Fig. 6). Isolated dew events are interesting 
because they alter canopy conditions and performance in the absence of 
rain, but dew events that co-occur with rain appear to account for nearly 
half of the total duration of dew-induced canopy wetness (Table 2, 
Analysis A versus B). Therefore, the co-occurrence of dew with rain is 
likely to increase the total duration of leaf wetness substantially. 
While rain saturates the canopy rapidly covering the leaves in a film 
of water, dew formation occurs as the nucleation of individual droplets 
(Beysens, 1995) that gradually coalesce at a rate dependent on the 
surface properties of the leaf (Brewer and Nunez, 2007). Light dew 
events, such as those seen at the end of dry season (Fig. 1, lower panel), 
may saturate the leaf boundary layer with water vapour, but probably 
result in minimal water-leaf contact area. This is likely to have little 
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effect on photosynthesis (in terms of light scattering and stomatal oc-
clusion), nutrient leaching, fungal infection or liquid-phase foliar water 
uptake, but will reduce the canopy temperatures (Katul et al., 2012) and 
transpiration (Alvarado-Barrientos et al., 2014; Aparecido et al., 2016) 
during the first hour of daylight almost every morning. Thus, the regular 
occurrence of dew may result in brief, but regular, windows of high of 
water use efficiency photosynthesis, or potentially even reverse tran-
spiration (Binks et al., 2020; Vesala et al., 2017). 
4.5. Future research 
Our study design enabled the vertical distribution of leaf wetness to 
be quantified to some degree, but also revealed the extent to which 
wetness conditions can vary horizontally due to heterogeneous canopy 
structure (Figs. 4 and 5). The leaf wetness sensors (LWS) reliably detect 
moisture, but are only a proxy for leaves which differ in surface prop-
erties, orientation, three dimensional shape, and energy balance, and 
therefore, LWS data must be interpreted in light of these limitations. 
Ideally, vertical sensor distribution should represent leaf area density; 
the topmost sensors should be high enough above the canopy to be 
relatively unaffected by canopy conditions, i.e. fully exposed; and there 
should be sufficient profiles to enable a spatially averaged vertical value. 
Finally, it is likely that leaf wetness could be modelled more reliably 
using a full profile of micrometeorological conditions, particularly wind 
speed and net radiation. 
5. Conclusion 
Our study shows that wetness in a tropical rainforest canopy cannot 
be accurately represented as a binary state, but that the canopy is 
fractionally wet for over 50% of the time. Leaves at the topmost of the 
canopy are wet for longer durations than those lower down, but this is 
likely to be a consequence of very small rain events (< 0.2 mm) rather 
than dew, which appears to be more influenced by local canopy struc-
ture than vertical position. On average, a higher proportion of the 
canopy was wet at night (51 %) than during the day (26 %), which is 
relevant in terms of the effect of leaf wetness on photosynthesis. Dew 
contributes substantially to leaf wetness at this Eastern Amazonian site, 
both as isolated events, and as perpetuating wetness initially caused by 
rain. Dew occurred almost every morning and, consequently, a signifi-
cant portion of the canopy is wet for the first hour of most days. 
Our models, physical and empirical, only explained around half of 
the variance in canopy water storage. This was thought to be largely due 
to the poor representation of the micrometeorological conditions of the 
canopy, but also the extent to which the output of the leaf wetness 
sensors represented the canopy wetness. The results of this study suggest 
that a multilayer approach to predicting canopy wetness may be sub-
stantially more effective than a single layer model for tall, structurally 
complex vegetation types, providing the profile in canopy conditions 
can be measured or modelled with sufficient accuracy. 
In summary, canopies are wet for a substantial amount of time and 
we need to understand how canopies function under this common 
condition in order to represent and predict forest-atmosphere fluxes 
accurately. There are three limitations to this aim: i) directly measuring 
the wetness of structurally complex canopies, ii) predicting canopy 
wetness from meteorological data, and iii) understanding the impact of 
leaf wetness, and different types of wetness (i.e., film versus droplets), 
on leaf physiology and fluxes. 
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